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ABSTRACT The identification of core habitat areas and resulting prediction maps are vital tools for land
managers. Often, agencies have large datasets from multiple studies over time that could be combined for a
more informed and complete picture of a species. Colorado Parks andWildlife has a large database for greater
sage-grouse (Centrocercus urophasianus) including 11 radio-telemetry studies completed over 12 years
(1997–2008) across northwestern Colorado. We divided the 49,470-km2 study area into 1-km2 grids
with the number of sage-grouse locations in each grid cell that contained at least 1 location counted as
the response variable. We used a generalized linear mixed model (GLMM) using land cover variables as fixed
effects and individual birds and populations as random effects to predict greater sage-grouse location counts
during breeding, summer, and winter seasons. The mixed effects model enabled us to model correlations that
may exist in grouped data (e.g., correlations among individuals and populations). We found only individual
groupings accounted for variation in the summer and breeding seasons, but not the winter season. The
breeding and summer seasonal models predicted sage-grouse presence in the currently delineated populations
for Colorado, but we found little evidence supporting a winter season model. According to our models, about
50% of the study area in Colorado is considered highly or moderately suitable habitat in both the breeding
and summer seasons. As oil and gas development and other landscape changes occur in this portion of
Colorado, knowledge of where management actions can be accomplished or possible restoration can occur
becomes more critical. These seasonal models provide data-driven, distribution maps that managers and
biologists can use for identification and exploration when investigating greater sage-grouse issues across the
Colorado range. Using historic data for future decisions on species management while accounting for issues
found from combining datasets allows land managers the flexibility to use all information available. � 2013
The Wildlife Society.
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Predicting species distribution across a broad geographic
range can be challenging because of variability within and
among regions and populations. Some studies indicate high
levels of predictability among regions (Vanreusel et al. 2006),
whereas others argue against a uniform management pro-
gram for species with a large geographic range (McAlpine
et al. 2008). When conserving for multiple populations
across a large range, we need to develop predictive species
distribution maps with details specific to each population,
but applicability across the entire range (McAlpine et al.

2008). The identification of core or priority habitat areas for
a species provides a vital tool for communication to private
landowners and partner wildlife professionals.
Species distribution models have become an important

tool for wildlife management and many methods have
been created to accomplish this goal. Often times, the
data available across a landscape scale are presence locations
of a species. Commonly used methods for this type of data
are resource selection functions (RSF) using a logistic re-
gression framework with presence and absence locations
where absences are often represented by random locations
or pseudo-absences (Greaves et al. 2006, Ciarniello et al.
2007, Johnson and Gillingham 2008). Problems associated
with these resource selectionmethods include pseudo-absences
whose absolute presence or absence is not known with
certainty (Johnson et al. 2006), contamination and overlap
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in used and available locations (Johnson et al. 2006), and
unequal sampling of the species range (Latimer et al. 2006).
In addition, many methods for evaluating logistic regression
model predictions are inappropriate for presence-available
data because used sites are drawn directly from the distribu-
tion of available sites (Boyce et al. 2002). This overlap causes
the variance estimates from the logistic regression to be
biased (Johnson et al. 2004). Another option is using the
frequency of animal locations as a count variable for model-
ing habitat associations when absence is unknown across a
species range, such as resource utilization functions (RUF)
and resource selection probability functions (RSPF;Marzluff
et al. 2004, Sawyer et al. 2009). These analyses focus on an
individual animal’s habitat selection, which is then combined
to yield population level inference, and may require a large
number of locations per individual, which may not be avail-
able for all datasets. Another method for presence only
modeling is based on maximum entropy using the software
Maxent (Phillips et al. 2006).Maxent produces estimates of a
suitability index rather than occurrence probability and is not
suitable for making explicit predictions (Royle et al. 2012).
Maxent can also be sensitive to modeling choices and input
localities (Rodda et al. 2011).
Most of these methods have been shown to provide ade-

quate predictive species distribution maps, but may become
more problematic for data not originally collected for habitat
analyses, data collected from multiple populations, or data
from multiple studies. These data are common for state
agencies and if analyzed correctly, may provide a better
picture of the overall species’ range.
To demonstrate an alternative method for producing pre-

dictive species maps with more complicated datasets, we used
the greater sage-grouse (hereafter sage-grouse) in Colorado
for which multiple telemetry studies have been completed
over the last 13 years in multiple populations across their
range in the state. The sage-grouse is a species of conserva-
tion concern because of historical population declines and
range contraction (Schroeder et al. 2004) and thus requires
high-quality seasonal distribution maps in the state of
Colorado. Many anthropogenic developments (Knick and
Connelly 2011) are stressors on sage-grouse habitat and
populations, but more recently, energy development in
some of the largest energy reserves in western North
America are located in regions characterized by sagebrush
habitat (Copeland et al. 2009, Harju et al. 2010, Naugle et al.
2011). Identifying priority sage-grouse habitat that overlaps
with potential development may be essential to the future
management of the species (Doherty et al. 2010b). Currently,
sage-grouse monitoring and modeling across its range has
focused on breeding season-specific locations including nests
and leks (spring breeding grounds) which are often a key
source of information for these models (Walker et al. 2007;
Copeland et al. 2009; Doherty et al. 2010a, 2011; Aldridge
et al. 2012). In addition, most of the current modeling
methods for sage-grouse use some form of RSF, RSPF, or
program Maxent (Homer et al. 1993; Aldridge and Boyce
2007; Doherty et al. 2008, 2011; Yost et al. 2008). Multiple
populations of sage-grouse in Colorado are separated geo-

graphically and may exhibit seasonal and regional differences
in habitat preferences. Regional variations, such as in these
separate populations, and their habitat relationships across a
broad geographic range is an emerging issue in ecology
(McAlpine et al. 2008). Currently, Colorado uses an occu-
pied range map based on field personnel expert opinion and
observations. This map provides a generalized spatial extent
of sage-grouse activity in Colorado, but no specific associa-
tion exists between the habitat encompassed by the occupied
range and sage-grouse habitat use. However, more detailed
data exist in the form of radio-telemetry locations that
provide information for 6 populations across the Colorado
range. These data were collected during multiple smaller-
scale studies on multiple individuals and contain information
throughout the sage-grouse lifecycle including the breeding,
winter, and summer seasons.
Incorporating multiple datasets into habitat mapping along

with information collected on individuals to predict distri-
butions at a broader scale can be critical for large-scale
population management (Klar et al. 2008). Generalized
linear mixed models (GLMM) provide a method of analysis
that accounts for variation and covariation in and among
groups. By incorporating random effects in the model, vari-
ation that may exist between genotypes, species, regions, or
time periods can be investigated (Bolker et al. 2008). By
accounting for differences among the 6 Colorado sage-
grouse populations as well as differences in individual birds,
we can provide a more accurate and valid assessment for the
probability of presence of sage-grouse across multiple pop-
ulations at a regional scale. Modeling the frequency of sage-
grouse locations as a continuous variable while accounting
for data from multiple datasets and different populations
provides a unique method for managing sage-grouse on a
large scale where the knowledge of species absence may be
unconfirmed or in areas where data have not been collected.
Our goal was to test this method of modeling sage-grouse
distribution using seasonal land cover associations in north-
west Colorado at a 1-km2 scale. By accounting for assump-
tions and variability in these combined datasets, we can
produce seasonal distribution maps that managers can use
to help identify important areas for sage-grouse conservation
and habitat restoration across the species’ range in Colorado.

STUDY AREA

The study area included Eagle, Garfield, Jackson, Moffat,
Rio Blanco, and Routt counties in northwestern Colorado.
This area is occupied by 6 populations of sage-grouse
(Fig. 1): North Park, Middle Park, North Eagle/South
Routt, Meeker-White River, Parachute/Piceance/Roan,
and Northwest. This 49,470-km2 study area encompasses
the current range of sage-grouse in Colorado.

METHODS

Greater Sage-Grouse Location Database Compilation
We compiled telemetry locations of sage-grouse from 1997
to 2010 in all populations except North Park (North Park
data were collected after the initial project started and will be
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used as validation data). These data were not originally
obtained with the goal of a distribution analysis, but instead
mostly for demographic studies. This analysis used all sage-
grouse telemetry studies in the state opportunistically with
the idea of combining and summarizing overall sage-grouse
habitat use patterns. We only included individual sage-
grouse that had �3 telemetry locations using very high
frequency (VHF) radio transmitters in the dataset used to
develop the seasonal distribution models. We projected all
locations to NAD83 UTM 13 and cross checked them with
the original data as well as with the other datasets to exclude
possible duplicates. For each location, we included the pop-
ulation, individual, sex, age, date of location, year, season,
and Universal Traverse Mercator (UTM) coordinates. Some
studies did not include sex or age in their datasets, which
resulted in a restricted set of information. Therefore, we did
not use age and sex in this modeling effort at the overall range
scale. For those datasets that did contain age and sex infor-
mation, 90.8% (12,909/14,213) of telemetry locations were
from females, 9.2% (1,304/14,213) were from males, 65.3%
(9,151/14,005) were from adults, and 34.7% (4,854/14,005)
were from juveniles (yearlings were grouped with juveniles).
We classified seasons as follows: the breeding period was
March through July, the summer period was July through
September, and the winter period was December through
February (modified from Connelly et al. 2000). Location
data from October and November were not included because
these months were considered transition periods (8.8% data
removed). Our interest was to analyze important seasons
relevant to the sage-grouse population rather than transition

periods where habitat choices may be indistinct. We sepa-
rated populations based on management boundaries used in
Colorado (Fig. 1).

GIS Layers and Variables

We used geographic information system (GIS) data layers to
assess land cover associated with sage-grouse use locations.
We obtained the land cover data from the former Colorado
Division ofWildlife, now the Colorado Parks andWildlife’s,
‘‘basinwide’’ land cover layer. This land cover layer was
constructed with 25-m resolution lands at imagery as part
of the Colorado Vegetation Classification Project adminis-
tered by the Colorado Division of Wildlife in collaboration
with the Bureau of LandManagement and the United States
Forest Service and was completed in 2005. Initially, we used
expert opinion about sage-grouse habitat use to combine 122
vegetation types in the original basinwide data into 13 land
cover categories. As a result, across all counties, we included
proportions of sagebrush (Artemisia spp), pinyon (Pinus spp)-
juniper (Juniperus spp), agriculture, shrubland, urban, alpine,
riparian, grassland, forest, bare, forest shrubland, mountain
shrubland, and salt desert shrubland as variables in the
model. We removed urban as a variable because no sage-
grouse locations occurred in this category. Subsequently, we
overlaid the 6-county study area with 1-km2 grid cells, which
provided the sampling scale for summarizing the data. We
used this resolution to account for location error associated
with multiple radio-telemetry methodologies used over
numerous years. This grid size was also most appropriate
for the large area in the analysis. We only included cells that

Figure 1. Populations (n ¼ 6) of greater sage-grouse in northwestern Colorado, 1997–2010.North Park is not included in our initial presencemodel as no data
were collected from this population at the time this model was generated.
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contained sage-grouse locations in model building as we had
no information about sage-grouse presence or absence in
other cells. Within each grid cell, we added the number of
sage-grouse locations and used the sum as the response
variable for the models.
We used land cover to model sage-grouse habitat because

sage-grouse are sagebrush obligates (Connelly et al. 2004,
2011) and require sagebrush for food and cover, which may
indicate dependence on vegetation types (Homer et al.
1993). Sage-grouse require sagebrush through all phases
of their life history to varying degrees; however, the amount
and composition of sagebrush in the landscape may differ
among breeding, summer, and winter seasons (Connelly
et al. 2011). In addition, numerous other studies have dem-
onstrated that vegetation type influences sage-grouse distri-
bution (Aldridge and Boyce 2007, Doherty et al. 2008, Yost
et al. 2008, Carpenter et al. 2010). Land cover also provided a
consistent layer to evaluate sage-grouse habitat at the region-
al scale and generalizations based on basic resources such as
land cover can provide a conservative accuracy for predicting
species occurrence (Shanahan and Possingham 2009). More
localized studies have indicated that topographic variables
may be important predictors of sage-grouse distribution,
such as elevation, slope, aspect, and terrain ruggedness
(Doherty et al. 2008, 2010b), but these variables likely oper-
ate at finer scales (<1 km2). For example, in a 1-km2 grid,
roughly 1,100 grid cells occur in our study area and for
continuous variables such as elevation, information related
to actual sage-grouse locations can be lost.
We extracted land cover variables using the Geospatial

Modeling Environment (version 0.5.3 beta, www.spatiale-
cology.com, accessed 08 Jan 2010) tools and converted them
to proportion of land cover type within each grid cell where
sage-grouse locations were recorded. We categorized the
database into seasonal datasets based on breeding, summer,
and winter locations. The proportions of each of the land
cover types were the explanatory variables and were stan-
dardized (mean ¼ 0, SD ¼ 1) to address possible conver-
gence issues (Bolker et al. 2008, Zuur et al. 2009). We
calculated Pearson correlation coefficients for the land cover
variables for each seasonal dataset separately, and removed
those variables with an r > 0.60. We did not remove var-
iables from the breeding season model; we removed alpine
and forest from the winter model and alpine, agriculture, and
riparian from the summer model. We fit each seasonal model
separately with the count of sage-grouse locations in each
season as the response variable.

Data Analysis

We used a GLMM to investigate if the variance could be
explained by similarity in grouping variables. GLMM is a
possibly non-Gaussian regression that incorporates random
effects to separate potential effects on the models by co-
varying factors (Martinez-Abrain et al. 2003, Bolker et al.
2008). By associating common random effects to observa-
tions sharing the same level of a classification factor, mixed
effects models more appropriately represent the covariance
structure induced by grouping data (McAlpine et al. 2008).

We were also more interested in the predictive versus ex-
planatory power for predicting sage-grouse possible habitat,
which lends itself to the GLMM approach (Goetz et al.
2012).
The response variable used in the models was a count based

on the number of sage-grouse locations in a grid cell, with the
proportion of land cover classes as fixed effects and individual
and population as random effects. We recognize that esti-
mating habitat preferences by pooling telemetry data from all
individuals is likely to bias toward data-rich individuals
(Aarts et al. 2008), but random effects allow us to recognize
this unbalanced sampling effort (Gillies et al. 2006). In our
sample, we only used those grid cells that had known pres-
ence locations to avoid zero counts in the dataset, which may
bias estimates (Creel and Loomis 1990). Therefore, we used
a zero truncated Poisson distribution with a log link to model
sage-grouse counts within each grid cell (Plackett 1953,
Zuur et al. 2009). Censoring the data in this manner so
that inference is conditional on observed presence is an
adapted hurdle model. Hurdle models consist of 2 compo-
nents. The first component models zero versus counts equal
to or larger than 1 (Seifert et al. 2010). The second compo-
nent is left truncated to exclude zero counts and determines
the number of prediction events. In our model, we already
had knowledge of presence with the sage-grouse locations, so
we used the second part of a hurdle model, which excludes
zero counts.
Let yijk be the value of the grid cell count of telemetry

locations for individual i, population j, and grid cell k. The
expected number of counts is log uijk ¼ hijk, with linear
predictor hijk ¼ (xijk � bj) þ (zijk � ni) where x is fixed
variables, b is the fixed variable coefficients, n is the param-
eters of the random effect, and z is the levels of the random
effect. Assuming a truncated poisson process for count yij, the
probability that yij � y conditional on random effects n, is

Pðyij ¼ yjvi; xij ; zijÞ ¼
u
y

ijexp
ð�uij Þ

ð1� exp�uijÞy!
y ¼ 0; 1; 2

We investigated 2 grouping variables that may influence
the sage-grouse dataset. The first random variable was ra-
dio-marked individuals, which accounts for multiple loca-
tions from individual sage-grouse. By including marked
individuals as a grouping variable, we account for the lack
of independence associated with multiple observations made
on the same individual over time (Wagner et al. 2011).
Including an individual random effect is also useful for
accommodating overdispersion, which is often observed
with Poisson or count distributions (Breslow and Clayton
1993). A random intercept influences overall prevalence,
which often arises because of unbalanced samples, in our
case, multiple studies from multiple populations or multiple
locations per individual (Gillies et al. 2006). The second
grouping variable of interest was the influence of population.
We assumed relationships between sage-grouse and land
cover variables in 1 population would be more similar
than those in another population because of the large scale
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of this analysis. In addition to the random effects, we evalu-
ated the variance attributed to the possible autocorrelation
in all 3 seasonal models because ignoring dependence
can lead to inaccurate and invalid conclusions (Olea
2009). We did this by using a semivariogram, which defines
the spatial scales over which patterns are dependent (Rossi
et al. 1992). We used the residuals for each of the full
seasonal models without random effects to construct each
semivariogram.
We first ran each seasonal model with only an individual

random effect, a population random effect, and a combina-
tion of both random effects without explanatory variables
to determine if the random effects provided a better fit for
the data based on a smaller Akaike’s Information Criterion
(AIC) value. In both cases, only the individual effect made an
impact on the null model, so we only used the individual
random effect in the following models. We then fitted a set
of all possible linear models from our set of 12 explanatory
variables and the appropriate random effect(s) for each season
and evaluated them based on AIC corrected for sample size
(AICc; Burnham and Anderson 2002, Boccadori et al. 2008,
McAlpine et al. 2008). We included sagebrush in all models
as sage-grouse are sagebrush obligates and we were interested
in its explanatory power (Aldridge and Boyce 2007). We fit
all combinations of variables along with sagebrush in every
model because we did not have a clear reason to include or
exclude the other land cover variables as subsets of all possible
models. This resulted in 2,049 models in the breeding season
model, 513 in the winter season model, and 257 in the
summer season models. Model averaging allows inference
to be based on information from a number of models
(Greaves et al. 2006). Doherty et al. (2010c) recommended
using all model combinations with model averaging and
Lukacs et al. (2010) determined that model averaging can
protect against spurious results and is appropriate for devel-
oping a prediction tool (Burnham and Anderson 2002).
Therefore, rather than selecting the 1 best model, we aver-
aged across all models with weights >0.00 (Burnham and
Anderson 2002, Bolker et al. 2008). We calculated the
relative importance of variables by summing the Akaike
weights across all competing models in which each variable
appeared (Murray and Connor 2009). We fit all GLMM
models with the glmmADMB library (Fournier et al. 2012)
in the R statistical computing environment (R Development
Core Team 2012).
We then applied the averaged model for each season to the

proportion of land cover raster layers in ArcMap (ArcGIS
10; Environmental Research Systems Institute, Redlands,
CA). This resulted in a relative probability of sage-grouse
occurrence layer for each seasonal model that ranged
from 0 to 1. To standardize the probabilities for comparison
between seasons, we combined probability values based on
quartile breaks in the data for each seasonal model resulting
in 4 categories of high, moderate, low, and rare (Johnson
et al. 2004, Sawyer et al. 2009). This means that a quarter of
all values across the predictive surface in each season
fall within each of the 4 bins. In addition, we calculated
proportions of each prediction category for each of the

current sage-grouse population boundaries in Colorado
(Fig. 1).
The gold standard for any modeling exercise is the testing

of predictions against an independently collected dataset
(Wiens et al. 2008). In addition, tested predictions in areas
where data had not been collected to verify that the model
results could be extrapolated across the sage-grouse range.
We used 2 different independent datasets for comparison.
The first validation dataset consisted of active leks collected
across the sage-grouse range in our study area (n ¼ 263)
similar to methods used by Aldridge et al. (2012). These data
were collected on a yearly basis and provided an especially
good validation for the breeding model, but less so for the
summer and winter models. Therefore, we used a second
dataset that was collected specifically in the North Park
population across all 3 seasons. This population was not
included in the original analysis as data did not exist at
that time, but has since been collected in a separate telemetry
study. Initially, 95 females were radio-marked in April 2010
in the North Park population, with 51 still being monitored
inMarch 2011. An additional 22 females were radio-marked
in March 2011 providing 3,132 locations from 117 sage-
grouse to use in validating the rangewide seasonal distribu-
tion models. We separated the North Park validation dataset
into seasons based on the original model for the best valida-
tion in each season. For both validation datasets, in each
season we calculated the proportion of locations or leks that
occurred in each quartile (Sawyer et al. 2007). We then used
a Spearman rank correlation to assess the relationship be-
tween the predicted probability of occurrence for the original
locations for each season and the test dataset locations in each
quartile (Johnson et al. 2004). We would expect the presence
locations from the validation datasets to be more prevalent in
the high and moderate categories than the low and rare
categories.

RESULTS

We used 16,796 sage-grouse radio-telemetry locations from
959 individual sage-grouse in Northwest Colorado from
1997 to 2010. Of the locations, 74.1% were during the
breeding season, 8% during the winter, and 17.9% in the
summer. Sage-grouse location counts for each individual per
population per grid cell ranged from 1 to 57 during the
breeding, 1 to 12 during the winter, and 1 to 37 during
the summer seasons. We found no patterns of latent spatial
autocorrelation in any of the seasonal datasets (Appendix 1,
available online at www.onlinelibrary.wiley.com). Only the
individual random effect contributed to the variance in the
breeding and summer models. The variances associated with
these variables will be discussed in detail with each seasonal
model.
In each season, sagebrush comprised the largest proportion

of land cover in the 1-km2 cells used by sage grouse (Table 1).
The greatest proportion of sagebrush was found during the
winter and breeding seasons followed by the summer season.
The second greatest proportion of land cover type found in
notable quantities during the winter period was salt desert
shrubland. The second most often used land cover type
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during the summer and breeding period was mountain
shrubland.
For the breeding season model, the averaged model includ-

ed all land cover variables (Fig. 2a, Table 2). Sage-grouse
were negatively associated with alpine, bare, forest, and
forested shrub, but had a positive association with all other
variables (Table 3). The relative variable importance indi-
cated that bare, forest, mountain shrub, and sagebrush were
the most influential variables found in the averaged models
(Table 3). The quartile cutoff values for the breeding season
predictive surface were 0.04, 0.53, 0.76, and 1.00. North Park
andMeeker-White River had>90% of their population area
categorized as high or moderate habitat (Fig. 2a, Table 4).
The Northwest and Parachute/Piceance/Roan populations
had>80% of their population area as high or moderate. The
Middle Park population had the least amount of highly
or moderately suitable habitat with 65.6%. The individual

Figure 2. Probability of greater sage-grouse (GRSG) presence in northwestern Colorado during the (a) breeding season and (b) summer season based on radio-
telemetry locations from 1997 to 2010 with the current estimated range of sage-grouse.

Table 1. Average values within each seasonal dataset for each land cover
class for sage-grouse across Colorado from 1997 to 2010 (all values in
proportion of land cover type).

Variable Breeding Summer Winter

Agriculture 0.0196 0.0258 0.0131
Grassland 0.0428 0.0595 0.0231
Shrubland 0.0371 0.0334 0.0361
Sagebrush 0.7016 0.6402 0.7025
Salt desert shrub 0.0260 0.0121 0.1247
Pinyon juniper 0.0400 0.0385 0.0191
Mountain shrub 0.0863 0.1271 0.0355
Bare 0.0148 0.0093 0.0226
Forest shrub 0.0144 0.0283 0.0143
Forest 0.0036 0.0063 0.0008
Alpine 0.0006 0.0015 0.0003
Riparian 0.0124 0.0171 0.0071
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random variable accounted for 13.2% of the variance in the
model.
The averaged winter model included all variables except

alpine and forest and indicated positive relationships with
forested shrubland, grassland, mountain shrubland, pinyon-
juniper, sagebrush, and salt desert shrubland (Fig. 2b;
Tables 5 and 6). We found negative relationships with the
other variables. Most of the variables in the winter model had
a low contribution to the overall averaged model as variable
importance was negligible (Table 6). The top models for the
winter season had very little support. For this reason, we did
not calculate a prediction surface as no variables significantly
contributed to the averaged model.
The averaged summer model included all variables

except riparian, alpine, and agriculture (Fig. 2b, Table 7).
Sage-grouse were positively associated with grassland,
mountain shrubland, and shrubland and negatively associat-
ed with the other variables (Table 8). Bare, grassland,
sagebrush, and shrubland were the most influential
variables in the averaged model (Table 8). The quartile cutoff
values for the summer model predictive surface were
0.23, 0.46, 0.55, and 1.00. The resulting probability map

indicated 90.6% high and moderate habitat in Meeker-
White River and >80% in Parachute/Piceance/Roan and
North Eagle/South Routt (Table 4). Middle Park had the
smallest probability of high and moderate habitat with
55.1%. The variance associated with the individual random
effect was 37%.
Validation showed that both the breeding and summer

seasonal models were good predictors for North Park and
the breeding model was also a good predictor for active lek
datasets (Table 9). The original locations for the breeding
model had a Spearman correlation of 0.9940 with North
Park locations and 0.9982 with the active lek locations. The
original locations for the summer model had a Spearman
rank correlation of 0.7971 with the North Park locations.
The lesser r2 value for the summer model and North Park
locations was mostly driven by the large percentage of North
Park locations found in the high category and few locations
in the rare and low categories.

DISCUSSION

Our analysis combined Colorado sage-grouse radio-
telemetry data and modeled the distribution of sage-grouse
presence in 6 counties. The seasonal habitat maps represent
the basic land cover associations for sage-grouse in this
region while accounting for possible covariation within in-
dividuals and populations. The resulting seasonal maps pro-
vide managers and biologists with a useful method for
identifying large-scale high use areas throughout the annual
lifecycle of the sage-grouse in Colorado.
The breeding and summer seasons predict suitable habitat

within the current estimated sage-grouse range in Colorado.
The summer habitat model is mostly driven by negative
associations with forest, forested shrubland, and bare ground,
which follows patterns described in other habitat studies
(Connelly et al. 1988, 2011). We found a very slight negative
relationship with sagebrush in the summer model, which
suggests that sage-grouse use a more diverse suite of land
cover types in the summer period that include mesic non-
sagebrush dominated cover types (Connelly et al. 2011). The
breeding and summer models also predicted habitat outside
the estimated sage-grouse range, which may be a result of
over-prediction in the models or due to lack of information
outside the range. The purpose of these models is to identify

Table 2. Themodel structure, Akaike’s InformationCriterion adjusted for sample size (AICc), differences inAICc (DAICc), andAkaikeweights (wi) for the top
breeding season models predicting greater sage-grouse presence in Colorado, 1997–2010. Variables are abbreviated as follows: ag ¼ agriculture, a ¼ alpine,
b ¼ bare, f ¼ forest, fs ¼ forested shrub, gl ¼ grassland, ms ¼ mountain shrub, pj ¼ pinyon juniper, r ¼ riparian, sb ¼ sagebrush, sd ¼ salt desert shrub,
sh ¼ shrubland.

Model AICc DAICc wi

a þ ag þ b þ f þ gl þ ms þ pj þ r þ sb þ sd þ sh 23,796.27 0.00 0.13
a þ ag þ b þ f þ gl þ ms þ pj þ r þ sb þ sh þ fs 23,796.87 0.60 0.09
a þ b þ f þ fs þ gl þ ms þ r þ sb þ sd þ sh 23,797.46 1.19 0.07
a þ ag þ b þ f þ fs þ ms þ pj þ sb þ sd 23,797.65 1.38 0.06
ag þ b þ f þ gl þ ms þ pj þ r þ sb þ sd þ sh 23,797.86 1.59 0.06
a þ b þ f þ fs þ gl þ ms þ sb þ sd þ sh 23,798.05 1.78 0.05
a þ b þ f þ fs þ gl þ ms þ pj þ r þ sb þ sd þ sh 23,798.07 1.80 0.05
a þ ag þ b þ f þ fs þ gl þ ms þ pj þ r þ sb þ sd þ sh 23,798.07 1.80 0.05
a þ ag þ b þ f þ fs þ gl þ ms þ r þ sb þ sd þ sh 23,798.67 2.40 0.04

Table 3. Coefficients for the model-averaged estimates for the top breeding
season models predicting greater sage-grouse presence in Colorado, 1997–
2010. Variables are abbreviated as follows: ag ¼ agriculture, a ¼ alpine,
b ¼ bare, f ¼ forest, fs ¼ forested shrub, gl ¼ grassland, ms ¼ mountain
shrub, pj ¼ pinyon juniper, r ¼ riparian, sb ¼ sagebrush, sd ¼ salt desert
shrub, sh ¼ shrubland.

Variable Coefficient SE

CI Relative
variable

importanceLower Upper

Intercept 0.8626 0.0105 0.8421 0.8832
a �5.4455 2.6390 �10.6189 �0.2721 0.82
ag 0.9949 1.5841 �2.1100 4.0997 0.77
b �3.7752 1.2803 �6.2847 �1.2657 0.93
f �3.6238 1.3896 �6.3477 �0.9000 0.90
fs �1.2002 1.5373 �4.2133 1.8130 0.80
gl 1.9087 1.4281 � 0.8904 4.7078 0.86
ms 2.1420 1.4596 � 0.7187 5.0027 1.00
pj 1.2312 1.5382 �1.7837 4.2461 0.77
r 1.8682 1.4582 �0.9900 4.7263 0.74
sb 1.1703 1.4617 � 1.6946 4.0352 1.00
sd 0.3097 1.5820 �2.7909 3.4103 0.87
sh 1.8470 1.4206 � 0.9374 4.6315 0.86
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potential species distribution, so surveys for habitat and birds
outside the range would be appropriate.
The breeding season model was driven by negative rela-

tionships with alpine, bare, forest, and forested shrub. The
absence of tall shrubs and trees appears to be critical for
lekking (Colorado Greater Sage-grouse Steering Committee
2008). We found was a positive association with grassland
and grass understory has been shown to influence sage-
grouse nesting and early brood-rearing sites (Connelly
et al. 2000).
The winter model lacked significant variables. Overall, we

obtained only 1,348 locations from 446 individuals in the
winter model compared to 3,000 in the summer and 12,444
in the breeding model. For a winter model to be feasible
while accounting for variation in the dataset, more winter
locations would likely need to be collected.
The effect of individual random effect was relatively large

for the breeding and summer seasons where 13% or more of
the variation was explained. Including this as a random effect
in the models allowed a more robust way to identify the
explanatory variables that actually affect seasonal distribution
(Vall-llosera and Sol 2009). Failure to account for the re-
peated measurement of individual locations can lead to
incorrect conclusions regarding effects of ecological variables
and how those variables affect model selection and scientific
conclusions (McAlpine et al. 2008).

The North Park independent dataset and the active lek
locations validated well for the breeding and summer season
models. This indicates that overall, these models are robust
in predicting areas of use that were not part of the original
analysis or that were outside the scope of the objectives of
the original telemetry locations. Building accurate and
robust predictive distribution models based on functional
resources such as land cover and extrapolating across a larger
geographic range is possible (Vanreusel et al. 2006). This can
be important for management agencies making decisions for
areas where sampling has been limited or non-existent. In
Colorado, these models provide seasonal distribution maps
that can be used by managers, along with finer-scale and site-
specific information, to identify priority areas for sage-grouse
conservation statewide.
At the broad scale of this study, small differences between

individual uses and population uses will not likely be
detected. For example, the breeding season habitat model
includes lekking habitat for males and both nesting
and early-brood rearing habitats for females that can be
found in a broad spectrum of sagebrush cover values (heavy
cover to open areas). Our seasonal habitat map does not
discern between the habitat occupied during these differing
behaviors. Another issue with these probability maps is
the hierarchical nature of habitat selection from the local
scale immediately adjacent to the sage-grouse to the larger

Table 4. Proportion of high, moderate, low, and rare habitat in each of the 6 populations in the northwestern region of Colorado. 1997–2010, based on
breeding, winter, and summer seasonal models. Populations are abbreviated as follows: PPR ¼ Parachute-Piceance-Roan, NW ¼ Northwest, NP ¼ North
Park, NESR ¼ North Eagle/South Routt, MP ¼ Middle Park, and M ¼ Meeker-White River.

Population

Breeding Summer

Hectares High Moderate Low Rare High Moderate Low Rare

PPR 22,0551 0.4431 0.3993 0.1573 0.0001 0.4162 0.4302 0.1483 0.0053
NW 1,072,462 0.4784 0.3389 0.1810 0.0019 0.2909 0.4490 0.2454 0.0148
NP 167,578 0.5928 0.3135 0.0936 0.0002 0.3980 0.9487 0.2519 0.0014
NESR 94,460 0.3761 0.3905 0.2241 0.0092 0.2395 0.5752 0.1706 0.0147
MP 109,567 0.2269 0.4286 0.3388 0.0057 0.2038 0.3472 0.3973 0.0517
M 66,594 0.6316 0.2710 0.0931 0.0043 0.4792 0.4270 0.0879 0.0058

Table 5. The model structure, Akaike’s Information Criterion adjusted for
sample size (AICc), differences in AICc (DAICc), and Akaike weights (wi)
for the top winter season models predicting greater sage-grouse presence in
Colorado, 1997–2010. Variables are abbreviated as follows: ag ¼ agriculture,
b ¼ bare, fs ¼ forested shrub, gl ¼ grassland, ms ¼ mountain shrub,
pj ¼ pinyon juniper, r ¼ riparian, sb ¼ sagebrush, sd ¼ salt desert shrub,
sh ¼ shrubland.

Model AICc DAICc wi

ag þ b þ gl þ sb 1,080.20 0.00 0.03
ag þ b þ gl þ ms þ sb 1,080.33 0.13 0.03
ag þ b þ gl þ pj þ sb 1,081.24 1.04 0.02
ag þ b þ gl þ ms þ pj þ sb 1,081.25 1.05 0.02
ag þ b þ gl þ r þ sb 1,081.52 1.32 0.02
fs þ gl þ ms þ pj þ sb þ sd þ sh 1,081.60 1.40 0.01
ag þ b þ gl þ sb þ sd 1,081.61 1.40 0.01
ag þ b þ gl þ sb þ sh 1,081.61 1.41 0.01
ag þ b þ gl þ ms þ sb þ sh 1,081.64 1.44 0.01
ag þ b þ sb þ sd þ sh 1,081.65 1.44 0.01

Table 6. Coefficients for the model-averaged estimates for the top winter
season models predicting greater sage-grouse presence in Colorado,
1997–2010. Variables are abbreviated as follows: ag ¼ agriculture, b ¼ bare,
fs ¼ forested shrub, gl ¼ grassland, ms ¼ mountain shrub, pj ¼ pinyon
juniper, r ¼ riparian, sb ¼ sagebrush, sd ¼ salt desert shrub, sh ¼ shrubland.

Variable Coefficient SE

CI Relative
variable

importanceLower Upper

Intercept �1.2697 0.0797 �1.4260 �1.1134
ag �3.8513 3.6224 �10.9553 3.2528 0.69
b �7.4574 3.7410 �14.7955 �0.1193 0.89
gl 4.3436 3.2761 �2.0805 10.7978 0.71
sb 0.7003 2.4583 �4.1192 5.5198 1.00
ms 2.4508 3.1183 �3.6631 8.5647 0.57
pj 3.0205 3.7676 �4.3671 10.4081 0.44
r �4.7878 6.1931 �16.9354 7.3599 0.41
fs 1.8953 4.0669 �6.0789 9.8696 0.34
sd 0.8478 3.5097 �6.0330 7.7286 0.47
sh �0.1139 3.8633 �7.6886 7.4609 0.39
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landscape (Johnson 1980). For example, taking measure-
ments in a 1-m vegetation plot may indicate that a bird
chooses pinyon-juniper for cover. Expand the scale to a 1-km
grid cell and the vegetation in that grid cell might be 90%
sagebrush and 10% pinyon-juniper, indicating that the in-
dividual strongly prefers sagebrush over pinyon-juniper. At
the broad scale of these models, detecting specifics for indi-
vidual birds or individual locations is not possible. In addi-
tion, terrain variables such as slope or elevation are masked
when using a larger scale analysis such as 1-km2 grids.

MANAGEMENT IMPLICATIONS

Traditional methods of analyzing habitat selection for sage-
grouse have been focused on the presence-available study
design, often using pseudo-absences or random locations to
model the species distribution (Aldridge and Boyce 2007,
Doherty et al. 2008). This type of modeling method is
common among other species as well (Copeland et al.
2006, Kaczensky et al. 2008). When using a presence-avail-
able approach, often the random or available locations fall
into land cover categories where a species would never be
located, but may exist across the available landscape (e.g.,
urban). Observed locations can thus be a subset of a sample of

available locations which can cause overlap in environmental
variables in a logistic regression framework (Boyce et al.
2002). We adapted a hurdle model to compare each grid
containing at least 1 location to all other grids with at least 1
location, investigating attributes of those grids that have few
locations against those that have many locations. This type of
modeling allows comparisons between landscapes that are
known to contain birds to discern patterns that explain why
certain land cover categories are used more than others. It is a
unique way to use large datasets collected across a species’
range over time and can provide biologists a large scale
utilization map. These types of data are common to man-
agement agencies and are often overlooked as useful because
the original studies were not designed for habitat analysis,
the data were collected over a long period, or the data were
collected differently in each study. The breeding and summer
seasonal distribution models provide managers and biologists
a useful tool for interpreting general sage-grouse habitat
characteristics for management actions at a large scale. It
also provides maps that have been tested and validated so
they can have more certainty with broad scale management
and policy decisions that may be made based on the
mapped distribution. By using a count based GLMM
modeling approach, accounting for possible variation in

Table 7. The model structure, Akaike’s Information Criterion adjusted for
sample size (AICc), differences in AICc (DAICc), and Akaike weights (wi)
for the top summer season models predicting greater sage-grouse presence
in Colorado, 1997–2010. Variables are abbreviated as follows: b ¼ bare,
f ¼ forest, fs ¼ forested shrub, gl ¼ grassland, ms ¼ mountain shrub,
pj ¼ pinyon juniper, sb ¼ sagebrush, sd ¼ salt desert shrub,
sh ¼ shrubland.

Variable AICc DAICc wi

b þ f þ fs þ gl þ sb þ sh 4,941.75 0.00 0.14
b þ f þ gl þ sb þ sh 4,942.55 0.80 0.09
b þ f þ fs þ gl þ pj þ sb þ sh 4,943.13 1.38 0.07
b þ f þ fs þ gl þ sb þ sd þ sh 4,943.15 1.40 0.07
b þ f þ fs þ gl þ ms þ sb þ sh 4,943.69 1.94 0.05
b þ f þ gl þ ms þ sb þ sh 4,944.27 2.52 0.04
b þ f þ gl þ sb þ sd þ sh 4,944.33 2.58 0.04
b þ f þ gl þ pj þ sb þ sh 4,944.55 2.80 0.03
b þ f þ fs þ gl þ pj þ sb þ sd þ sh 4,944.59 2.84 0.03
b þ fs þ gl þ sb þ sh 4,944.97 3.22 0.03

Table 8. Coefficients for the model-averaged estimates for the top summer
season models predicting greater sage-grouse presence in Colorado,
1997–2010. Variables are abbreviated as follows: b ¼ bare, f ¼ forest,
fs ¼ forested shrub, gl ¼ grassland, ms ¼ mountain shrub, pj ¼ pinyon
juniper, sb ¼ sagebrush, sd ¼ salt desert shrub, sh ¼ shrubland.

Variable Coefficient SE

CI Relative
variable

importanceLower Upper

Intercept 0.3398 0.0294 0.2909 0.3887
b �3.4166 1.3059 �5.9780 �0.8551 0.95
f �2.5111 1.1862 �4.8377 �0.1845 0.87
fs �0.8445 0.4832 �1.7921 0.1031 0.66
gl 1.0848 0.4211 0.2589 1.9108 0.91
sh 0.9577 0.3762 0.2198 1.6955 0.89
sb �0.5511 0.2164 �0.9754 �0.1268 1.00
pj �0.2662 0.4382 �1.1257 0.5933 0.32
sd �0.5163 0.7499 �1.9870 0.9545 0.33
ms 0.0172 0.2909 �0.5533 0.5877 0.31

Table 9. Percentage of greater sage-grouse original locations, lek locations, andNorth Park locations predicted by each season’s model in each of 4 bins based on
the quartile cutoff values along with the Spearman rank correlation coefficient between the lek locations and the original locations as well as the North Park
locations and the original locations.

Original locations Lek locations North Park locations

Breeding
Rare 0.000 0.000 0.000
Low 0.041 0.053 0.012
Moderate 0.278 0.251 0.227
High 0.681 0.696 0.761
Spearman rank correlation coefficient r2 ¼ 0.9982 r2 ¼ 0.9940

Summer
Rare 0.000 0.000
Low 0.066 0.092
Moderate 0.539 0.325
High 0.395 0.584
Spearman rank correlation coefficient r2 ¼ 0.7971
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multiple datasets, and validating with independent datasets,
researchers can provide reliable and functional landscape
scale distribution maps to biologists on the ground even
given the aforementioned constraints.
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